We identify genotype-by-environment interactions (GxE) for birth, weaning and yearling weights (BW, WW, and YW, respectively) using ~835,000 SNPs in ~13,500 Simmental cattle by conducting: direct GxE genome-wide association analyses using continuous environmental variables (minimum, mean, maximum and mean dew point temperatures; elevation; precipitation; and minimum and maximum vapor pressure deficit), and in combination (U.S. ecoregions); and variance-heterogeneity genome-wide association (vGWA) analyses, indicative of interactions, using residuals adjusted for additive, dominance, and epistatic relationships.
Introduction
Cattle are reared over a wide range of climatic and topographic regions across the United States, contributing to genotype-by-environment (GxE) interactions and leading to poorly adapted cattle, which negatively affects the profitability of the beef cattle production system (Kolmodin et al., 2002; Howard et al., 2014) . GxE interactions refer to a variable response of genotypes to changes in the environment, resulting in different outcomes for animals and their offspring in different environments than those in which they were raised or selected (Falconer et al. 1996 ; Kolmodin et al., 2002) . Therefore, understanding the genetic basis of GxE interaction is crucial to improve the environmental adaptation and sustainability of beef cattle production. This understanding will better drive selection and mating decisions, and consequently, improve beef production efficiency (Guidolin et al., 2012) .
Studies have reported the existence of GxE interaction for growth traits in beef cattle. Potential genes involved in GxE interaction when comparing US geographic regions were identified by Smith et al. (2019) using Gelbvieh cattle. These studies suggest that the same trait may be modeled by different sets of genes across divergent environments (Falconer & Mackay, 1996) . However, a limited amount of research has been done on identifying genes or biological pathways directly interacting with environmental factors in beef cattle.
In this study we searched for QTLs enriched for GxE interaction for birth weight (BW), weaning weight (WW), and yearling weight (YW) in Simmental cattle, using univariate and multivariate linear mixed models through three approaches: i) conducting direct GxE genome-wide association (GxE GWA) analyses using continuous environmental variables, such as minimum, mean, maximum and dew point temperatures; elevation; precipitation; and minimum and maximum vapor pressure deficit; ii) performing GxE GWA analyses using United States ecoregions as environmental factors; and iii) carrying out variance-heterogeneity genome-wide association (vGWA) analyses, as indicators of interactions, using residuals accounting for additive, dominance and epistasis effects. To our knowledge, this is the first study investigating the interaction of genome-wide SNP markers with a vast assortment of environmental variables and searching for SNPs controlling phenotypic variance using a large beef cattle data set. Our results have the potential to provide novel insights into how the environment influences complex traits and adaptation in beef cattle and potentially across mammals.
Materials and Methods

Phenotype and genotype data
Data from Simmental males and females born between 1975 and 2016 were transferred to the University of Missouri from the American Simmental Association. The traits studied were birth weight (BW), 205-d adjusted weaning weight (WW) and 365-d adjusted yearling weight (YW), with the traits also adjusted for age of dam as per breed association practice. The animals were assigned to contemporary groups (CG), defined by the combination of farm, and season and year of birth.
The DNA samples were genotyped with various low density assays and were imputed to the combination of Illumina BovineHD (Illumina, San Diego, CA) and the GeneSeek Genomic Profiler F250 (GeneSeek, Lincoln, NE) according to Rowan et al. (2019) . The genotype filtering was performed to remove non-autosomal variants, as well as both variants and individuals with call rate less than 0.90, using PLINK 1.9 (Purcell et al., 2007) . SNP positions were based on the ARS-UCD1.2 Bovine reference genome assembly (Rosen et al., 2018) . The genotypes were then phased using Eagle 2.4 (Das et al., 2016) and imputed using Minimac3 (Loh et al., 2016) . The final imputed genotype data contained a total of 835,947 bi-allelic variants with imputation accuracy of 99.6% (Rowan et al., 2019). Variants with minor allele frequency less than 0.01 were removed using PLINK 1.9 for further analysis, remaining 710,202, 709,054, and 706,771 SNP markers for 13,427, 11,847, and 8,546 animals for BW, WW and YW, respectively.
Eight environmental continuous variables were used for the GxE GWA analyses, including minimum, mean, maximum and mean dew point temperatures; elevation; precipitation; and minimum and maximum vapor pressure deficit, which were drawn from the PRISM climate dataset (http://prism.oregonstate.edu). The United States was partitioned into nine regions ( Figure   1A ) based on similar topographic and environmental conditions (ecoregions), including mean temperature, elevation and precipitation information, using k-means clustering implemented in 'RStoolbox' R package (Leutner and Horning, 2017, R Core Team, 2013). The optimal ecoregions were identified using 'pamk' function from the R package 'fpc' (Hennig, 2013) . The ecoregions were named Desert (D), High Plains (HP), Arid Prairie (AP), Forested Mountains (FM), Upper
Midwest & Northeast (UN), Southeast (SE), Rainforest (R), Cold Desert (CD), and Fescue Belt (FB). The animals were assigned to the ecoregions based on the zip code of their breeder ( Figure   1B ), and only ecoregions with more than 200 records were analyzed. Thus, animals located in the Rainforest ecoregion were removed from the dataset, and those that were reared in the Desert and Arid Prairie ecoregions were analyzed together (DAP) due to their similar environmental conditions. No animal record was assigned to the Cold Desert ecoregion. A complete description of the dataset, including weight records and environmental variable measurements is shown in Table 1 .
Variance components
Variance components for BW, WW, and YW were estimated using multi-component restricted maximum likelihood (REML) approach, implemented in GCTA software (Yang et al., 2010) , in univariate linear mixed models that included only additive effects (MA), or additive, dominance and epistasis effects (MADE) as follows:
where is the vector of phenotypes; is the vector of fixed effect (sex); is the vector for random CG effects; is the vector of random additive genetic effects; is the vector of random dominance effects; is the vector of random epistatic effects; and is the vector of random residuals. matrices are incidence matrices relating observations to animals. Assuming that ~ N(0, 2 ), ~ N(0, 2 ), ~ N(0, 2 ), ~ N(0, 2 ), where 2 , 2 , 2 , 2 are the additive, dominance, epistatic, and residual variances, respectively. K is the CG information; is the identity matrix; and , , and are the additive, dominance and epistatic genetic relationship matrices, the epistatic relationship matrix ( ) can be derived from the additive genomic relationship matrix as: = # , where # denotes the Hadamard product operation. For WW, the random maternal permanent environmental effect was also included in the model.
The variance of GxE interaction was also estimated considering the ecoregions as an environmental factor and treated as random effect in the model in order to estimate the amount of phenotypes that are explained by the GxE interaction among the ecoregions.
Genome-wide association analyses
Phenotypes were pre-adjusted for fixed effect of sex, estimated using '--reml-est-fix' option, and random effect of CG was predicted by the BLUP method using '--reml-pred-rand' flag where * is an n-vector of pre-adjusted phenotypes; is the overall mean; is the incidence matrix of genotypes; is the genotype effects; is an n-vector of random additive genetic effects; and is an n-vector of random residual. Assuming that ~(0, ) and ~(0, ), is the n x n genomic relationship matrix (GRM); is the residual additive genetic variance; is the residual variance component; is an n x n identity matrix. denotes the n-dimensional multivariate normal distribution. GRM were estimated using the standardized genotypes of 710,202, 709,054, and 706,771 SNP markers for 13,427, 11,847, and 8,546 animals for BW, WW and YW, respectively.
We also fitted multivariate linear mixed model for the pre-adjusted BW, WW and YW using GEMMA in the following form: * = 1 + + + ; where * is an n x d matrix of d pre-adjusted phenotypes for n individuals; is the overall mean; is the incidence matrix of genotypes; is a d vector of the genotype effects for the d phenotypes; is an n x d matrix of random additive genetic effects; and is an n x d matrix of random residuals. ~(0, , )
and ~(0, , ), is the n x n genomic relationship matrix (GRM); is the d x d matrix of additive genetic variance component; is a d x d matrix of the residual variance component; is an n x n identity matrix. denotes the n x d matrix normal distribution with mean 0, row covariance matrix or (n x n), and column variance matrix or (d x d). For all GWA analyses performed, single-marker P-values were used to generate Manhattan plots using 'manhattan' function implemented in 'qqman' R package (Turner, 2018) .
Genotype-by-environment GWA analyses
The GxE GWA analyses were performed using GEMMA through two approaches: using eight environmental variables (i.e. minimum, mean, maximum and mean dew point temperatures; elevation; precipitation; and minimum and maximum vapor pressure deficit) separately; and using the ecoregions as environmental factors, where each ecoregion was compared against the total dataset using 0 and 1 dummy coding. In the GxE GWA analyses, for each SNP in turn, GEMMA fits a linear mixed model that controls both the SNP main effect and environmental main effect, while tested for the interaction effect and controlling for population stratification, evaluating the alternative hypothesis (H1: ≠ 0) against the null hypothesis (H0: = 0) for each interaction, therefore the resulting P-values correspond to the significance of the GxE interaction (Smith et al., 2019) . This model can be described as:
where * is an n-vector of pre-adjusted phenotype; is an n-vector of the genotypes of the SNP ; is the effect size of the SNP ; is an n-vector of environmental variable ; is the fixed effect of the environmental variable ; is the interaction effects between the genotypes of the SNP and the environmental variable ; is an n-vector of random additive genetic effects; and is an n-vector of random residual. GxE GWA analyses using multivariate linear mixed model were also performed.
Variance-heterogeneity GWA analyses
We performed vGWA analyses to detect locus affecting the difference in variance between genotypes (vQTL). Residual effects ( ) from the MA and MADE models were standardized to z score by the rank-based inverse-normal transformation and squared (z 2 ), which is a measure of for BW z 2 , WW z 2 , and YW z 2 using univariate and multivariate linear mixed models implemented in GEMMA software as denoted in "Genome-wide association analyses" section, where * is an n-vector of z 2 ; and is the effect size of the SNP on z 2 . Linkage disequilibrium (LD) analyses were performed using PLINK 1.9 (Purcell et al., 2007) . All vQTL were defined by SNP markers with r 2 greater than 0.6.
Functional enrichment analyses
We explored 10 kb and 100 kb sequence windows that flanked the significant SNPs (P < 1e-05) to scan for genes located in their vicinity and to identify possible regulatory elements, respectively. Enrichment analysis based on Gene Ontology (GO) and KEGG pathways were performed using ShinyGO v0.60 (Ge and Jung, 2018), in which the analyses were adjusted for FDR of 5%. GO annotations were also retrieved from the AmiGO browser (Carbon et al., 2009) . 
Results
Variance component estimates
Genome-wide association analyses
The GWA analyses identified major QTL on BTA 6, 7, 14, and 20 for BW, WW and YW ( Supplementary Figure 1) 
Genotype-by-environment GWA analyses
The GxE GWA analyses were performed using minimum, mean, maximum and mean dew point temperatures; elevation; precipitation; and minimum and maximum vapor pressure deficit as environmental variables. The correlations between the environmental variables are displayed in Supplementary Table 1 . The temperature variables have high correlation between them (0.82 to 0.98); precipitation showed positive correlation with the temperatures (0.57 to 0.86); minimum vapor pressure deficit showed correlation with maximum vapor pressure deficit (0.54); on the other hand, elevation have negative correlation with the temperatures (-0.33 to -0.76) and precipitation (-0.72). Mean dew point temperature was the environmental variable that most interacted with genotypes for BW (941 significant GxE SNPs, P < 1e-5), followed by minimum temperature with 756 SNPs (P < 1e-5) enriched with GxE effects ( In total, GxE GWA analysis detected 2,319 SNPs (P < 1e-5) interacting with environmental variables and/or in combination (ecoregions). The GxE SNPs were detected on all chromosomes whereas the majority located on BTA 6 (Figure 2A) . Consequently, more genes interacting with environment were also identified on BTA 6 when scanning 10 kb region near the significant SNPs ( Figure 2B ). Exploring 100 kb region flanking the significant SNPs, BTA 18 was the chromosome with the largest number of candidate genes interacting with environments.
The top 30 enriched GO terms for the genes located at 10 kb or 100 kb from the significant SNPs (P < 1e-05) are summarized in Table 4 . In both analyses, the most significant GO term was response to stimulus (GO:0050896), and its direct descendants GO terms cellular response to stimulus (GO:0051716) and response to stress (GO:0006950) were also enriched. Many biological processes involved in metabolism, development, localization, gene expression, transport, signaling, and cell adhesion were also enriched. The top 30 enriched pathways for the genes located at 10kb and 100 kb from the significant SNPs (P < 1e-05) are reported in Table 5 . Both analyses revealed the metabolic pathway (bta01100) as the most significantly enriched pathway.
The analyses also enriched pathways related to cell proliferation, differentiation, growth, survival, immune and inflammatory responses, and mechanisms of neurotransmission in central nervous system. In addition, circadian entrainment (bta04713), a pathway related to environmental adaptation, was also enriched. Comparing GxE GWA with GWA analyses results, we verified that 312 SNPs with additive effects on mean trait between genotypes (QTL) were also enriched with GxE effects.
Some SNPs showed GxE effects even greater than their additive effects on the traits. E.g., the SNP ABCG2, ADGRA3, BMPR1B, bta-mir-218-1, DCAF16, FAM13A,   FAM184B, GPRIN3, GRID2, HERC3, HERC5, HERC6, HPGDS, IBSP, KCNIP4, LAP3 Most of the SNPs enriched with GxE effects were identified for BW in this study. As BW is an indicator of intrauterine growth (Ferrell, 1993) , we investigated whether the environment detected interacting with those SNPs could be reflecting the intrauterine environment of the dam.
To do this we adjusted BW for random maternal affect (MAM) including it in the model and compared the results with those from the GxE GWA analysis without removing maternal effect (MA). Results showed that 876 SNPs were not associated with GxE effects when accounting for the effect of dam, suggesting that those SNPs are interacting with the uterine environment.
Pathway and GO enrichment analyses using the genes located near these regions revealed, in particular, metabolic, insulin signaling, starch and sucrose metabolism, and cGMP-PKG signaling pathways; and response to stimulus, blastocyst development, and regulation of signaling processes.
Variance-heterogeneity GWA analyses
The proportion of variance in phenotypes explained by SNP markers in GEMMA (PVE), also called "chip heritability", for BW z 2 , WW z 2 and YW z 2 was 0.049 ± 0.008, 0.047 ± 0.008, and 0.059 ± 0.011, respectively, showing that phenotypic variance is heritable. In total, 44 SNPs with effect on z 2 (P < 1e-05) were identified on BTA 3, 5, 8, 10, 11, 13, 14, 16, 17, 18, 21, 27 , and 29 ( Circadian entrainment 5 6.7e-03 -- Table 6 . Significant vQTL (P < 1e-5) for growth traits when using residuals adjusted for additive effects (MA) or for additive, dominance and epistasis effects (MADE). 
